Abstract
Introduction
UWB wireless communication technology is a hot issue in the communication research area in recent years. The high transmission rate, low transmission power and anti-jamming capability make it become a short-range wireless communication technology with good prospect. However, the high sampling rate limits the practical application of UWB wireless communication technology.
Recently, Compressive Sensing (CS) theory [1] [2] [3] [4] has been applied to UWB [5] system to solve the problem of high sampling rate. Compressive Sensing theory uses a special signal reconstruction method to make the signal be accurately reconstructed with the much less samples than the number required by Nyquist criterion. Literature [6] sets filter in the transmitter to construct a compressive sensing system. The literature [7] proposes a method which carries out channel estimation by regarding the UWB multipath channels as the atoms of the dictionary.
The literatures only consider the situation that a single received signal is processed with Compressive Sensing algorithm. This paper considers that in the multiuser UWB communication system, receiver simultaneously receives signals from different transmitters. This paper proposes the distributed Bayesian Compressive Sensing (BCS) [8] algorithm to jointly reconstruct the received signals from different users and get the parameters of channel models. Contrast to the MT-BCS [9] , the algorithm proposed in this paper utilities Laplace prior to improve the reconstruction performance. Simulation results show that comparing with other compressive sensing algorithms, the proposed reconstruction algorithm reduces the number of measurements required by UWB channel estimation and improves the system performance.
The rest of this paper is organized as follow: in section II, we analyze the system model. Section III proposes a reconstruction algorithm. Section IV presents the experiment results and analyzes it. The conclusion is drawn in section V.
System Model
This paper uses the dictionary construction in literature [7] , which is generated by shifting the wave function with minimum step  . Taken  as the sampling period, this dictionary is a complete redundant dictionary. This dictionary structure well reflects the multipath feature of In the Figure 1 , we assume that the receiver receives the signal from L users at the same time. 
Joint Reconstruction Algorithm
Unlike the linear programming [10] and greedy algorithm [11] , Bayesian Compressive Sensing (BCS) uses the prior probability distribution of original signal. BCS is based on the fast relevance vector machine (RVM) [12] . Literature [9] proposed a multi-task Bayesian Compressive Sensing reconstruction method (MT-BCS), but it is based on the Gaussian probability distribution of original signal. Literature [13] shows that the Laplace prior based Bayesian Compressive Sensing algorithm outperforms Gaussian prior based Compressive Sensing algorithm. Therefore, in this paper, Laplace prior probability distribution is used in the distributed Bayesian Compressive Sensing algorithm.
The L sets of measurements are represented as   1, , For simplicity but without loss of generality, we assume that the sparse basis N  Ψ I , and we can obtain i
The coefficients i θ is assigned the Laplace prior with the parameter  . This Laplace distribution is shared by all signals, and the L signals are statistically related in this sense. That
However, this model of Laplace prior cannot be used directly, since it is not conjugate to the Gaussian distribution in (2) . To solve this problem, the hierarchical prior is employed. Letting the , i j  represent the jth sparse coefficient of the ith signal, we first assign the zero-mean Gaussian random distribution with the non-zero precise
Then with the transformation process in the literature [13] , we can get the final probability distribution:
Having defined the signal probability distribution model, we carry out the Bayesian inference (9) can be written as
Using the equation (12) and (13) 
The maximum of   In order to simplify the zero-finding procedure in (16), an approximation that , 1 j i j r s  is used in here. This approximation has been found to be valid numerically, e.g., typically , 20*1 i j j s r  [9] . Therefore, setting (16) to be zero and getting the approximate result
The data from all the signals are used to update j r , and other processes of this fast algorithm, which is respectively performed on each signal, are same as the literature [13] .
Simulation Result
The UWB channel used in the simulation is the LOS discrete multipath channel defined by IEEE, and meets the S-V channel model We select the second derivative of the Gaussian pulse as the signal pulse waveform which has the unit energy. The signal transmitted by different users has 2000 bits and the bits are generated randomly. Each bit is represented by one pulse. The PPM modulation scheme is adopted in the transmitter. The ideal RAKE receiver utilizes the compressive sensing algorithm to estimate channel and recover the signal. Figure 2 compares the reconstruction performance of different compressive sensing algorithms, including basis pursuit algorithm (BP) [10] used in literature [4] , Laplace prior based Bayesian Compressive Sensing (LBCS) [13] , MT-BCS [9] and the proposed algorithm (D-LBCS), with the same UWB channel. Vertical axis is the successful probability of signal reconstruction (average 1000 trails), and horizontal axis is the number of measurement M. The number of measurements changes from 200 to 500 with step 3. As can be seen from the Figure 2 , under the premise that there is statistical correlation between the signals, the performance of the joint reconstruction is significantly better than the separate reconstruction. Because LBCS considers the prior probability distribution of signal, it outperforms BP. Between the joint reconstruction algorithms, the proposed reconstruction algorithm uses the Laplace prior, so it has the better recovery performance than MT-BCS and uses fewer measurements to achieve a satisfactory reconstruction effect. doesn't use the compressive sensing algorithm. We can see that the UWB system based on CS has better BER performance than traditional UWB system. Among the UWB systems based on CS, the different performance of channel estimation results in the different signal recovery performance. Because of the good reconstruction result, the proposed algorithm shows the best BER performance. 
Conclusion
Compressive Sensing theory can be used to solve the high sampling rate issue in the UWB communication system. In this paper, using the characteristic that the wireless channels of multiple user signals which are received by one receiver at the same time are statistically related in the multiuser UWB communication network system, we propose a Laplace prior based distributed Bayesian compressive sensing method. It jointly reconstructs the received signals and gets the channel model parameters. Comparing with other CS algorithms, the proposed method reduces the necessary sampling numbers for channel estimation. The experiment shows that the method improves the BER performance.
